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Abstract: Progress in urban climate science is severely restricted by the lack of useful 
information that describes aspects of the form and function of cities at a detailed spatial 
resolution. To overcome this shortcoming we are initiating an international effort to develop 
the World Urban Database and Access Portal Tools (WUDAPT) to gather and disseminate 
this information in a consistent manner for urban areas worldwide. The first step in developing 
WUDAPT is a description of cities based on the Local Climate Zone (LCZ) scheme, which 
classifies natural and urban landscapes into categories based on climate-relevant surface 
properties. This methodology provides a culturally-neutral framework for collecting 
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information about the internal physical structure of cities. Moreover, studies have shown that 
remote sensing data can be used for supervised LCZ mapping. Mapping of LCZs is 
complicated because similar LCZs in different regions have dissimilar spectral properties 
due to differences in vegetation, building materials and other variations in cultural and 
physical environmental factors. The WUDAPT protocol developed here provides an easy to 
understand workflow; uses freely available data and software; and can be applied by 
someone without specialist knowledge in spatial analysis or urban climate science. The paper 
also provides an example use of the WUDAPT project results. 
Keywords: land cover; supervised classification; pixel-based classification; multi-temporal 
remote sensing; urban climate science; local climate zones; WUDAPT 
 
1. Introduction 
Consistent knowledge about cities and their internal structure is of high relevance for a number of 
reasons. Although currently less than 3% of the Earth’s land areas are urban (defined as closely spaced 
buildings, impervious surfaces and managed outdoor spaces), cities already accommodate most of the 
world’s population, and human activity is concentrated there [1]. On a global scale, urbanisation (that 
is, the movement of people into cities and the transformation of land cover into urban forms) is 
proceeding rapidly, which has high impact on the bio-physical surface conditions and resulting energy 
and material fluxes in urban areas. Urbanisation typically replaces the existing surface cover with 
impermeable materials and buildings, and concentrates activities, which generate waste disposal into the 
surrounding air, soil and water. Collectively, cities are one of the main drivers of global environmental 
change and are also uniquely vulnerable to the consequences of change such as rising sea levels and 
increased air temperatures. Furthermore, cities produce distinct climatic conditions, which can cause 
discomfort, heat stress, and exposure to disease and pollution on urban dwellers. In particular, cities are 
warmer, which is referred to as the urban heat island (UHI) effect [2], as well as more polluted than their 
rural counterparts.  
To study the combined effect of urban climate and climate change on cities and to assess the 
vulnerability of urban populations, advanced urban models are needed. While a number of useful models 
already exist, in particular for urban meteorology and chemistry [3], they are often lacking the detailed 
information about the urban surface that are required as input parameters for these models. In fact, the 
dearth of data on urban areas has been recently highlighted in the IPCC’s 5th Assessment Report on 
impacts, adaptation and vulnerability of urban areas to climate change [4]. Another problem, until 
recently, has been the lack of a standard way to characterize cities, which has hampered the ability to 
collect a consistent set of parameters across the globe. As a result, there have been many studies on 
individual cities using different nomenclatures but no consistent methodology for comparing these areas 
at regional or global scales. 
In recent years, significant progress has been made in delimiting global high resolution urban land cover 
masks [5] from multispectral optical and SAR (TerraSAR-X) data [6,7]. Of particular note is the 
completion of the Global Urban Footprint (GUF) product from the German Aerospace Center (DLR), 
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which encompasses worldwide mapping of settlements with an unprecedented spatial resolution of  
0.4 arcsec (~12 m) based on 180,000 scenes from the German radar satellites TerraSAR-X and  
TanDEM-X [8]. Another promising approach uses imagery from the Visible and Near-Infrared 
Radiometer of Advanced Spaceborne Thermal Emission and Reflection radiometer (ASTER/VNIR) and 
an iterative classification process trained with lower resolution urban maps [9]. The alpha version of the 
global human settlement layer, another global product derived from Landsat data, is now available for 
four periods between 1975 and 2014 [10]. However, today these global products only provide urban 
masks, without internal differentiation according to land use and land cover and hence they fall short of 
providing the data requirements for a number of potential applications in various fields. 
There is an urgent need for a comprehensive database on cities world-wide that goes beyond an urban 
footprint analysis. Such a database would need to capture the internal structure and texture of cities in 
order to answer a number of important questions about our rapidly urbanizing planet. These include 
questions on the efficacy of urban-based adaption and mitigation policies in response to climate change 
and whether actions in one jurisdiction are transferrable to another. These data are also needed for 
developing and applying climate models, which require detailed descriptions of the urban landscape 
(at different levels of detail) to simulate both global climate impacts on cities and urban effects on climate. 
To meet this need the World Urban Database and Access Portal Tools (WUDAPT) project has been 
created [3,11,12]. The objective of WUDAPT is to produce a global high resolution database that captures 
information on urban form and function, and provides this information in a form suitable for climate 
science. As part of the WUDAPT initiative, we also need to create the necessary tools, manuals and 
methodologies to help build this database. This paper represents an attempt to achieve this latter aim. 
Development of WUDAPT will require a number of phases, which includes the spatial mapping of 
appropriate spatial urban types and linking these spatial areas to urban morphology, physical properties 
and human use. Here, we describe the initial phase of classifying urban areas which can subsequently be 
linked to additional information and detail in future work. 
We present and describe the methodology for deriving a culturally-neutral framework for classifying 
and delineating urban landscapes into a climatically relevant classification scheme using remote sensing 
data in combination with local expert-based knowledge and the concept of Local Climate Zones (LCZs). 
LCZs represent a generic, easily understood, culturally-neutral description of land-use and land-cover 
(LULC) suited to climate studies [13]. A critical point is that LCZs are universal in their application and 
they can be linked to measurable urban parameters on urban form and function. The LCZ classification 
scheme was designed to describe landscapes (urban and natural) that exhibit distinct thermal climates 
owing to their surface properties and has been used extensively in studies of the urban heat island (UHI). 
It is ideally suited to our purpose for two reasons. First, it meets the criteria outlined above: it is a 
universally understood climate-based classification scheme that is based on the physical properties of 
surfaces, which affect the overlying near surface atmosphere. Second, it has been shown that LCZ types 
can be identified using different Earth observation data including space-borne optical and thermal data as 
well as airborne interferometric SAR [14]. Nevertheless, using remote sensing to derive LCZs for cities 
world-wide is not without challenges. For example, the LCZ scheme is designed to accommodate urban 
structures from all over the world based only on their climatic properties rather than on local relief, regional 
or culturally-specific details such as building materials, or natural vegetation types. Such local differences 
in surface characteristics imply that any regional or culturally specific details are not considered, which 
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means that the individual LCZs will have dissimilar spectral properties in different regions, cities, or 
even within a single city. This makes a supervised classification design which incorporates local expert 
knowledge of the urban structures pertinent to their city a necessity so that the training data can be 
gathered in an efficient, accurate, and timely manner. In addition, this process will allow local experts 
to incorporate potentially important climate factors into their classification scheme. 
A protocol for the derivation of LCZ maps for cities is presented here. First, we discuss the 
appropriateness of LCZ mapping, the lessons learned from previous work and the requirements for 
implementation; the latter includes decisions on the urban features to be captured, training data, 
classifiers, and data availability. Based on these considerations, we present a simple and objective 
mapping method that allows local experts (that is, those with knowledge of a given city) to participate 
and play an essential role in data collection; this places high demands on the standardization of the 
process as few local experts will have expertise in climate science, in building and urban studies, or in 
spatial methodologies (i.e., remote sensing, GIS, and image processing). For this reason, the protocol 
must be comprised of a simple workflow with publicly available data that can be processed using freely 
available software by local operators. 
2. Towards a Universal LCZ Mapping Scheme 
In this section, the appropriateness, requirements, and limitations of LCZ mapping methods are 
discussed as an essential step towards developing the initial global spatial classification on which 
WUDAPT will be based. 
2.1. Local Climate Zones (LCZs) 
LCZs were recently introduced by Stewart and Oke to standardize the classification of urban and rural 
field sites for observational UHI studies [13]. Conventionally, the UHI has been defined as an urban–rural 
air temperature difference at screen height (ΔTU-R), but different studies have shown tremendous variety 
in the landscapes considered as “rural” or “urban” (e.g., airports have served as both urban and rural 
reference stations) [15]. The LCZ scheme aims to overcome this rather simplistic characterization of the 
landscape with a universally understood, climate-based classification of urban and rural sites. LCZs are 
defined as “regions of uniform surface cover, structure, material, and human activity that span hundreds 
of meters to several kilometers in horizontal scale. Each LCZ has a characteristic screen-height 
temperature regime that is most apparent over dry surfaces, on calm, clear nights, and in areas of simple 
relief” [13]. Figure 1 illustrates the 17 standard classes within the LCZ classification. 
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Figure 1. Local climate zone scheme [13]. 
Although LCZs are intended to facilitate objective measurements of UHI magnitude worldwide (i.e., 
as a difference in temperature between two LCZ types, e.g., ΔTLCZ1/LCZD = TLCZ1 − TLCZD), they also 
provide a useful discretization of the landscape with respect to its surface layer climate. Table 1 shows 
selected parameters of the LCZs demonstrating the broad spectrum of information on their physical 
properties that is delivered by the scheme. There are a number of reasons why the scheme has utility for 
compiling a worldwide urban morphological and urban metabolic database. First, there has been 
considerable uptake and general interest in this scheme within the field of urban climate. LCZs have 
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been applied to case studies in many cities of the world and as such, there is a growing body of empirical 
evidence to support their use in urban climatology [16–19]. Given the disparity in how individual 
researchers interpret the urban landscape, LCZs provide a much needed context to standardize the 
classification of landscapes for ground-based climate studies. This results from the fact that the scheme 
was designed to be “sufficiently generic”, i.e., it is inclusive of all regions and cultures and abandons 
excessive regional/architectural detail. Hence, the scheme has a reasonable level of complexity, while 
retaining universal meaning. Secondly, a full set of surface climatic properties is used to partition the 
landscape universe, meaning that the zones are differentiated by their structure, i.e., building and street 
dimensions, by the surface cover, such as the degree of permeability, the materials and the human activity 
or metabolism [13]. Finally, the scheme is well documented and easily definable vis-à-vis information 
sheets for every LCZ class. Each sheet specifies 10 quantifiable properties “relating to surface structure 
(sky view factor, aspect ratio, roughness element height), surface cover (plan fraction occupied by 
buildings, vegetation, and impervious ground), surface fabric (thermal admittance, surface albedo), and 
human activity (anthropogenic heat output)” [13], which have been gathered from a large body of literature 
and extensive field work. LCZ mapping therefore has the potential to yield valuable information on the 
basic physical properties of any urban area. However, since the scheme was not initially developed for 
mapping, a number of aspects require consideration with respect to its suitability for mapping purposes. 
Table 1. Physical properties of the local climate zones, modified from [13], Tables 3 and 4. 
1: Ratio of building plan area to total plan area (%); 2: Ratio of impervious plan area (paved, 
rock) to total plan area (%); 3: Mean height-to-width ratio of street canyons (LCZs 1–7), 
building spacing (LCZs 8–10), and tree spacing (LCZs A–G); 4: Ratio of the amount of sky 
hemisphere visible from ground level to that of an unobstructed hemisphere; 5: Geometric 
average of building heights (LCZs 1–10) and tree/plant heights (LCZs A–F) (m); 6: Ability 
of surface to accept or release heat (J·m–2·s–1/2·K–1). Varies with soil wetness and material 
density; 7: Mean annual heat flux density (W·m−2) from fuel combustion and human activity 
(transportation, space cooling/heating, industrial processing, human metabolism), varies 
significantly with latitude, season, and population density. 
Local 
Climate Zone 
1 (λb) 2 (λI) 3 (λS) 4 (ψsky) 5 (m) 6 (J·m–2·s–1/2·K–1) 7 (W·m−2)
LCZ 1 0.4–0.6 40–60 >2 0.2–0.4 >25 1100–1200 50–300 
LCZ 2 0.4–0.7 30–50 0.75–2 0.3–0.6 10–25 1000–2200 <75 
LCZ 3 0.4–0.7 20–50 0.75–1.5 0.2–0.6 3–10 1000–2200 <75 
LCZ 4 0.2–0.4 30–50 0.75–1.25 0.5–0.7 >25 1100–2000 <50 
LCZ 5 0.2–0.4 10–50 0.3–0.75 0.5–0.8 10–25 1000–2200 <25 
LCZ 6 0.2–0.4 20–50 0.3–0.75 0.6–0.9 3–10 1000–2200 <25 
LCZ 7 0.6–0.9 <20 1–2 0.2–0.5 2–4 400–800 <35 
LCZ 8 0.3–0.5 40–50 0.1–0.3 >0.7 3–10 1000–2000 <50 
LCZ 9 0.1–0.2 <20 0.1–0.25 >0.8 3–10 1000–2200 <10 
LCZ 10 0.2–0.3 20–40 0.2–0.5 0.6–0.9 5–15 1000–2500 >300 
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2.2. Is LCZ Mapping Appropriate? 
Some restrictions emerge from the origin of the LCZ scheme for characterizing screen-height air 
temperature observations. Identifying an ideal spot to place instruments in order to measure a 
representative local climate signal implies concentration on prototypes for a specific local climate (which 
means homogenous structures within a turbulent footprint) rather than mixed, indistinct or doubtful 
candidates. On the other hand, when discretising an entire city, each class will unavoidably have a certain 
amount of internal heterogeneity, since it is composed of a variety of urban landscapes that are part of a 
continuum rather than discrete types. This means that for classification purposes, the class boundaries, 
rather than centroids, become crucial, demanding a precise formulation of the boundaries between the 
classes. These considerations can be summarized in the following questions: Can an LCZ be assigned to 
any urban structure? Additionally, can only one LCZ be assigned to a given structure? Likewise, it can 
be asked, whether the classes are complete, comprehensive, and disjoint? 
In general, no “overlaps” or “holes” exist for the parameter combinations of the 17 standard classes. 
However, it is possible to have outliers, but these are rare and are excluded from the standard set. 
For instance, sparse low-rise buildings on paved ground would be atypical of urban environments and 
do not warrant a class of their own. The scheme addresses these problems with the possibility to define 
subclasses, which are essentially mixtures between the standard classes (in this case LCZ 9E is used to 
define sparse low-rise buildings on paved ground). Hence, the scheme does not only consider the full 
spectrum of possible combinations but also a priori knowledge about the frequency of their appearance. 
This takes advantage of the empirical observation that certain parameter values tend to cluster in  
cities—Compact high-rise buildings are, for instance, usually associated (spatially) with extensive paved 
ground, few trees, low albedo and large anthropogenic heat flux. This is underpinned by experience and 
discussions with experts from different urban areas and cultures, which confirm that LCZs can be applied 
in many parts of the world. 
Nevertheless, the heterogeneity of urban structures means that some areas can be considered as 
unclear or fuzzy in terms of LCZ membership. For instance, the chosen threshold of 10 m height between 
low-rise and mid-rise LCZ classes only reflects the mean height and not the variance, which can make 
the classification of non-uniform ensembles difficult. Here, some contextual expert knowledge is needed 
since in the case of a mixture of 8 m and 12 m buildings, the difference in terms of their climatological 
bearing is so small that either a low or mid-rise class might be acceptable. Conversely, if the separation 
between building heights becomes much greater (e.g., 30 m buildings mixed with 3 m buildings), this 
certainly affects the roughness characteristics and hence the assignment of subclass becomes necessary 
(LCZ 13 to denote compact high-rise mixed with compact lowrise). Again, due to spatial clustering of 
surface properties in cities, this combination is rare. Similarly, structures with extreme cover fractions 
might not match any of the predefined classes. 
Overall, we believe the existing LCZ classes provide a disjoint and largely complementary 
discretisation of the (urban) landscape universe that covers the vast majority of existing urban forms. 
They are well balanced between accuracy and universality. The definition of subclasses should be 
allowed in specific instances where the climatic effect is not negligible and the subclass is applicable to 
larger areas, while the misclassification of single pixels should be acceptable. Generally, subclasses should 
be used cautiously since the higher accuracy comes at the cost of reduced universality. This trade-off is, 
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however, not specific to LCZ mapping but a general problem in pattern recognition where a potentially 
unlimited variety of signals are reduced to a discrete number of patterns. For this reason, the protocol 
should include a mechanism to document and report instances of urban structures that are currently not 
sufficiently covered within the standard set of LCZs. 
Having accepted that LCZs are suitable for mapping urban areas, the next logical step is to identify 
an appropriate mapping method suitable for global application. 
2.3. A Suitable Method for LCZ Mapping 
The suitability of a LCZ mapping method depends on the application. As stated before, due to the 
culturally neutral nature of the LCZ scheme, the individual classes will inherently have different spectral 
properties in different parts of the world, which makes local training data and knowledge of the local 
urban structures a necessity. Based on this, we aim to derive a simple workflow that is established in a 
protocol to enable local operators from all parts of the world with different backgrounds (likely without 
remote sensing training and experience) to derive a LCZ map as a basic representation of the physical 
properties of their city for WUDAPT. This implies a number of restrictions. Firstly, the procedure should 
be universal and have a low level of data requirements, i.e., not be reliant on specific/detailed datasets 
such as detailed building morphological data or 3D models; these are only available for a few cities. 
Secondly, it should be as objective as possible meaning that the results should be comparable for different 
cities and operators. Thirdly, it should be computationally and fiscally inexpensive. More specifically, the 
processing on a single core should take less than 10 minutes and it should be based on free and globally 
available data and software. To maintain comparability, auxiliary data should be used for validation or 
later refinement rather than for the initial classification. Furthermore, it should be intuitive and easy to use 
meaning that the procedure can be completed in one day without extensive prior knowledge. 
Several methods to derive LCZs have been proposed and applied for LCZ mapping, including a manual 
sampling of individual grid cells using Geo-Wiki, digitisation of homogenous LCZs, a GIS-based 
approach using building data [20], object-based image analysis [5,21] and supervised pixel-based 
classification [14]. Methods to derive other “urban structural types” [22–24] are not considered here, 
since the classification schemes are usually designed for a specific purpose and cultural/regional 
background and therefore do not meet the universality requirement. No single method can entirely fulfil 
the aforementioned criteria. Both the manual sampling of grid cells and the digitisation of the entire 
urban area require substantial expert knowledge and results have shown large differences between 
operators. Moreover, the manual sampling of grid cells is very time-consuming.  
The GIS-based approach [20] was tested for Szeged, Hungary and is conducted on lot area polygons 
(building blocks and the adjacent area) derived from a 3D building database. For each city block, 
morphological and radiative parameters are extracted from the same database and high resolution 
RapidEye satellite imagery, which are subsequently aggregated to patches of sufficient size. Therefore, 
two of the best fitting LCZ categories are assigned to every polygon and a posterior rule-based filtering 
is used to generate larger homogenous patches. The approach is quite objective, but requires specific 
data that are generally unavailable for most cities. However, the rule-based post-classification filtering 
is potentially a good alternative for post-processing for WUDAPT.  
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The object-based image analysis approach [5,21] was tested in two case studies for Xuzhou, China and 
Atlanta, US. It is based on two processing chains, first delimiting blocks and secondly using spatial and 
spectral indices to assign LCZs to the extracted polygons. The results are promising, but the method 
depends on high resolution data, e.g., from the Japanese Panchromatic Remote-sensing Instrument for 
Stereo Mapping (PRISM) on the Advanced Land Observing Satellite, which is usually not freely available. 
In addition, the transferability of the method still needs to be investigated. A substantial disadvantage in 
using this methodology for the community-based approach in WUDAPT is its requirement for substantial 
image processing expertise, which makes the method too complex for an inexperienced user. 
The supervised pixel-based approach showed good results with overall classification accuracies of up 
to 97% for Hamburg, Germany [14]. This method is assumed to be comparably robust and, although 
dependent on digitised training data, is largely objective and thus generally well suited for the purpose. 
However, the case study employed different classifiers including multi-layer perceptron neural networks, 
support vector machines and random forest software from a java library, which is too difficult for 
inexperienced users to operate, and MATLAB, which is proprietary software. Furthermore, a large 
number of input features were derived from multi-temporal Landsat thermal and multispectral data as 
well as a digital (building and tree) height model from interferometric airborne SAR, which are difficult 
to compute and not widely or freely available. To achieve the aims of universality while maintaining a 
straightforward process, the workflow was modified and considerably simplified (see Section 3/Figure 5). 
Among the previously tested classifiers, random forest [25] was chosen as an ideal compromise between the 
achieved accuracy and computational performance. Moreover, the classifier has a few additional advantages. 
First, it is non-parametric, which is essential since each LCZ can have quite different instances or 
appearances within one city. Further, random forest provides an unbiased error estimate without 
requiring additional testing data.  
2.4. Suitable Features for LCZ Mapping 
To conduct an automated classification of LCZs, discriminative features are needed. The 
characteristics provided in the LCZ information sheets are not ideal for a supervised classification for a 
number of reasons. Since they were designed to provide broad information about observational climate 
sites, there is substantial redundancy and overlap in single LCZ characteristics. Figure 2 provides a 
representation of LCZs by selected characteristics, namely sky view factor (SVF) and the percentage of 
impervious surface area (%ISA) (left), as well as height (representing the urban structure) and building 
fraction (representing urban cover) (right). This demonstrates that several features are needed while not 
all features are equally important for discrimination. Furthermore, not all features can be observed 
directly by Earth observations. Thus, it requires us to determine which observable spectral characteristics 
can be used to substitute them. 
As stated previously, the LCZs are differentiated according to the morphology of streets and buildings 
(urban structure), surface permeability (urban cover), construction materials (urban fabric) and human 
activity (metabolism, i.e., release of anthropogenic heat). Unfortunately, not all of these surface climatic 
properties can be observed by remote sensing methods in a straightforward manner. Urban metabolism 
is difficult to observe from space (nightlight and chemical species in coarse resolution might be 
considered as exceptions). Urban structure can only be analysed with very high resolution data, which 
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are usually not free of charge and require advanced processing as well as the incorporation of complex 
contextual knowledge. However, materials and their morphology can readily be observed using 
moderate resolution multispectral satellite imagery. Indirect measurements such as permeability can be 
derived from other indicators such as NDVI (normalized difference vegetation index). 
 
Figure 2. Potential separation of built LCZ classes according to selected feature pairs.  
(a) Sky view factor (SVF) and percentage of impervious surface area (%ISA); (b) built 
fraction and building height. 
In Figure 3, the LCZ scheme was sorted in a simplified manner along two axes representing height 
as the most important characteristic of urban structure and permeability as the most important 
characteristic of the urban fabric and cover. The arrows indicate potential wavelength bands and features 
for discrimination. While bare soil and sand can be well distinguished in the near and shortwave infrared, 
the compact and open LCZ can best be distinguished by their vegetation fraction using NDVI or 
fractional cover. Furthermore, the imperviousness is well correlated with land surface temperature [26] 
and hence the thermal infrared wavelength band can be applied here for discrimination.  
  
Figure 3. Observable characteristics to distinguish LCZs from remote sensing data. 
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To identify urban structure, Landsat imagery offers the largest archive of moderate resolution  
multi-spectral data spanning more than 40 years, and is available free of charge from the USGS [27]. Height 
data are more difficult to obtain. Existing global datasets from the Shuttle Radar Topography Mission (SRTM) 
and the ASTER Global Digital Elevation Map only provide a surface model and are too coarse and noisy to 
extract urban structures. The TanDEM-X radar constellation will provide a global dataset in 0.4 arcsec 
resolution in the future but this is not yet available and will be subject to proprietary copyright. The urban 
structure must therefore be differentiated based on spectral differences in the material and cover. 
2.5. The Matter of Scale 
Different aspects must be reflected when identifying the optimal or most appropriate scale for a  
pixel-based classification of LCZs. Most importantly, three aspects need consideration. First, the concept 
of LCZs itself poses certain limitations. They are defined as “hundreds of meters to several kilometers in 
horizontal scale” [13]; this is sometimes referred to as a local (or neighbourhood scale) and lies between 
climatological micro- and meso-scales. This concept allows a certain range of appropriate scales, which 
implies different “valid” LCZ maps depending on the resolution. Figure 4 shows this scale dependency with 
possible classification results in 1000 m resolution (left) and 200 m (right) for Phoenix Park, Dublin. While 
both could be deemed as appropriate definitions of the local scale in terms of the overall LCZ concept, the 
finer resolution results in a much larger fragmentation of the classification as would be expected. 
Secondly, pattern recognition restrictions have to be considered for the optimal scale. Since urban 
areas are composed of a large number of objects, at the classification scale, each pixel must consist of a 
comparable fraction of the characteristic surface covers for a specific urban type (i.e., roofs, street, grass, 
trees, cars, etc.). This means that the sampling distance should be larger than the characteristic length of 
the neighbourhood, which, for instance, could be defined by the distance between two buildings or the 
size of a building block. If it becomes smaller than that, the individual pixel will classify single surface 
covers rather than local scale structures resulting in very noisy output. Conversely, if the sampling 
distance is smaller than the average size of the homogenous urban areas (i.e., the LCZs) needed to 
minimise the percentage of mixed pixels, there has to be a sufficient number of large samples of 
homogenous pixels to preserve representative spectral information. Unfortunately, the characteristic 
length and accordingly the best pixel size will likely differ between urban structures and also between 
cities. Likewise, the extent of homogenous urban structures may vary between cities of different size and 
location. Hence, there may not be one “optimal” scale for LCZ classification. However, an approximate 
range can be specified. A resolution of 10–30 m is too high; equally a resolution of 500–1000 m is too low. 
Preliminary tests for different cities showed 100–150 m to be a good compromise.  
Third, user requirements need to be considered. Different models are used to simulate urban effects 
on various scales from the building block scale [28]; meso scale [29] up to global models [30]. Potential 
use cases should therefore be evaluated and considered before a final protocol is established. 
Since the needed scales will likely span several orders of magnitude and not all use cases are previously 
known, an aggregation scheme should be part of the protocol and portal tool. This is far from trivial, 
because LCZs are only defined for a specific range of scales and the homogeneity criterion will 
unavoidably be violated if they are aggregated to coarser scales. Therefore, it is appropriate to conduct the 
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classification on a finer scale and aggregate the extracted urban canopy parameters rather than the LCZ to 
the coarser scale, which would preserve some of the sub-grid scale heterogeneity for model applications. 
Because zones are not arranged on a regular grid, the optimal resolution for a pixel-based 
classification (e.g., 100 m) should be systematically higher than the preferred LCZ scale (hundreds of 
meters to kilometres). For example, while a large garden or small park of 1 hectare might fill an entire 
pixel, in isolation it does not constitute a LCZ. A simple way to (a) decrease the granularity, (b) erase 
small discontinuous areas, and c) bring a limited amount of contextual knowledge to the mapped product 
is to apply post classification filters (e.g., majority, clamp and sieve or morphological filters). Thus, the 
question of granularity can be reduced to the question: how large should the smallest preserved patch 
be? Moreover, the shape of the patches could also be controlled to a certain extent, since the 
neighbourhoods are not necessarily rectangular. 
 
Figure 4. Scale dependency of the LCZ concept. Possible classification results in 1000 m 
resolution (left) and 200 m (right) for Phoenix Park, Dublin. Imagery: Google Earth. 
3. Implementation and Proof of Concept 
Important aspects and tools of the implemented workflow are shown in Figure 5. As stated before, 
the intended mapping methodology shall be universal, simple and objective. Furthermore, it shall be fast, 
free of proprietary data or software and simple enough to allow local operators without remote sensing 
training to conduct and validate LCZ-classifications for their cities, since local expert knowledge is 
required. This is incorporated by local users identifying appropriate locations that can be used to train 
the LCZ classification scheme for their specific city. We decided to use Google Earth, which is free 
(even if proprietary), easy to use, and includes very high resolution imagery for most cities (Figure 5b) 
for assisting users to identify appropriate training sites. The Landsat data can easily be acquired from 
the U.S. Geological Survey Earth explorer interface (Figure 5a), and has a resolution of 30 m. Since 
December 2014, a provisional Landsat 8 surface reflectance product is available which is preferred in 
order to reduce atmospheric influences on the classification. However, generally top of the atmosphere 
radiance is sufficient for our purposes [31]. Instead of explicitly computing NDVI and land surface 
temperature, for simplicity the red, near infrared and thermal bands were considered directly, which had 
negligible influence on the classification accuracy. Since the recent (post 2003) Landsat 7 scenes are 
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affected by a scan line correction error, Landsat 8 data [32] are recommended. Depending upon 
availability, scenes from different seasons should be selected to include phenological information in the 
classification. For the geometrical preprocessing and the classification we have chosen the System for 
Automated Geoscientific Analyses (SAGA, [33]) as a platform. SAGA-GIS has been designed for an easy 
and effective implementation of spatial algorithms and, hence, serves as a framework for the 
development and implementation of geoscientific methods and models. It provides an easily 
approachable user interface with many visualization options (Figure 5c) and can be scripted from the 
command line, using python or R. In version 2.1.4, SAGA provides more than 700 methods including 
file operations, referencing and projection, basic spatial raster and vector operations, and filters, which 
are used here in the pre- and post-processing phases. Since the random forest classifier was not available 
in SAGA before, it was implemented from the image processing library VIGRA [34]. The latest SAGA 
version supports tool-chains, allowing the subsequent call of several modules by a single click, which 
will help to further simply the classification procedure.  
 
Figure 5. Overview of the mapping procedure. (a) Acquisition of Landsat data in USGS 
Earth-Explorer; (b) digitization of training areas in Google Earth; (c) classification in 
SAGA-GIS; (d) workflow. 
We also considered Google Earth Engine [35] as a classification platform. This platform provides a 
powerful system for online processing and visualisation of large geospatial datasets on Google servers, 
which has advantages like online data availability and management. However, Google Earth Engine is 
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currently available for trusted testers only and we preferred to develop the methodology for WUDAPT 
on an independent platform. Nevertheless, the collection of training data in Google Earth in principle 
allows later processing in Google Earth Engine. 
To test the workflow the urban areas of Hamburg, Germany, Dublin, Ireland, and Houston, USA were 
classified. Results are presented for visual interpretation in Figure 6. In general, the urban structures in 
terms of actual LCZ types of all cities are well represented and accurately delineated. The target grid 
size varied between 100 m and 120 m, as both were deemed suitable in relation to the pattern recognition 
problem discussed previously. In terms of the LCZ concept, however, the resulting patches were too 
fragmented and hence post-classification filtering was considered necessary.  
 
Figure 6. Local Climate Zones (LCZ) classification results for (a) Hamburg, Germany; 
(b) Houston, USA; (c) Dublin, Ireland in Google Earth; (d) Hamburg in Google Earth.  
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Table 2. Mean and standard deviation of out of bag error from five classifications in % and 
sum of computing time in minutes for Houston using different numbers of trees and feature 
sets. Feature sets: LT50250392010077EDC00 and LC80250392013101LGN01 refer to a 
single Landsat (LS) 5 and LS 8 scene, respectively, same without TIR: LS8 without thermal 
infrared bands, all LS8: five LS8 scenes, all TIR: thermal bands from LS8LS5, LS8LS5: LS8 
plus six LS5 scenes. 
Number of Trees 4 8 16 32 64 128 
Mean out of bag error/%       
LT50250392010077EDC00 15.3 14.6 13.9 13.6 13.4 13.4 
LC80250392013101LGN01 14.0 13.4 12.5 12.3 12.1 12.0 
same without TIR 15.9 15.0 14.3 13.7 13.5 13.4 
all LS8 1 12.8 12.3 11.7 11.3 11.3 11.2 
all TIR 14.9 13.9 13.0 12.5 12.2 12.2 
LS8LS5 2 12.6 12.1 11.5 11.1 11.0 11.0 
Standard deviation/%       
LT50250392010077EDC00 0.35 0.21 0.19 0.12 0.13 0.06 
LC80250392013101LGN01 0.18 0.20 0.08 0.11 0.08 0.05 
same without TIR 0.13 0.10 0.19 0.10 0.20 0.14 
all LS8 1 0.26 0.11 0.08 0.08 0.13 0.06 
all TIR 0.33 0.24 0.14 0.18 0.09 0.07 
LS8LS5 2 0.21 0.09 0.10 0.10 0.09 0.10 
Total computing time/min       
LT50250392010077EDC00 0.17 0.21 0.24 0.43 0.70 1.22 
LC80250392013101LGN01 0.18 0.21 0.26 0.38 0.66 1.16 
same without TIR 0.16 0.19 0.26 0.36 0.60 1.10 
all LS8 1 0.44 0.57 0.82 1.31 2.19 4.01 
all TIR 0.22 0.26 0.34 0.51 0.89 1.83 
LS8LS5 2 0.75 0.94 1.34 2.12 3.65 6.57 
1 LC80250392013101LGN01, LC80250392013133LGN01, LC80250392013229LGN00, LC80250392013293LGN00, 
LC80250392013357LGN00; 2 LS8 and LT50250392010077EDC00, LT50250392010125EDC00, 
LT50250392010237EDC00, LT50250392011240EDC00, LT50250392011256EDC00, LT50250392011304EDC00. 
Table 2 presents a quantitative analysis of the out of bag error using different feature sets and number 
of decision trees for Houston, USA. Since the results vary slightly due to the random nature of the 
classifier, each classification was conducted five times; the mean and standard deviation of the five 
attempts are presented. While the single Landsat 8 scene performed better than the single Landsat 5 
scene (likely due to the higher number of bands and radiometric accuracy), both were clearly 
outperformed by multi-temporal sets of scenes from different dates. A set of five Landsat 8 scenes 
showed very promising results (11.2 +/− 0.06% with 128 trees) while six additional Landsat 5 scenes 
only marginally improved this result further (11.0 +/− 0.10% with 128 trees). The combination of 
thermal and multi-spectral data also seems essential. A larger number of decision trees generally resulted 
in a higher accuracy and lower variation of the error (e.g., 15.3 +/− 0.35% for the LS5 with four trees 
and 13.4 +/− 0.06% with 128 trees). Both the number of features and number of trees considerably 
influence the computing time. However, even the largest set with 128 trees was processed in less than 
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seven minutes using a standard personal laptop with four cores with 2.1 GHz. This more than satisfies the 
computational time criterion, particularly since the low standard derivation suggests that multiple runs are 
not necessary. From this analysis, it appears a large number of trees should be employed for generating the 
final LCZ classification for a particular city, while a smaller number are sufficient for testing purposes. A 
more comprehensive investigation of the optimal classification scale, training samples and input parameters 
are currently being conducted on 16 cities worldwide which were included in an initial international expert 
workshop for WUDAPT held in Dublin in 2014, and will be presented in a subsequent paper. 
Table 3 shows the confusion matrix for the classification of Houston using the Landsat 8 data and 
128 trees. These values are based on the training data and, therefore, the error estimates are not a reliable 
estimate of the overall accuracy. As they draw from the training data, the resulting error estimates are 
routinely lower than the out of bag error, which is an independent error estimate (overall accuracy = 0.96, 
out of bag error = 0.11). Nevertheless, the confusion matrix is useful for examining the results arising 
from individual LCZ classes. A certain amount of misclassification occurred between the urban classes 
(LCZs 2, 3, 6 and 8), which is to be expected given the continuum of structures which exist in reality. 
Likewise, similar spectral signatures lead to misclassification between paved surfaces (LCZ E) and large 
low-rise (LCZ 8) and, consequently, a low producer accuracy of 0.47 for LCZ E.  
Table 3. Confusion Matrix for the classification results of Houston using 128 trees and five 
Landsat 8 scenes. Besides the overall accuracy (OA), the user accuracy (UA), producer 
accuracy (PA), and κ coefficient are provided. Evaluation is based on training data only. 
Rows refer to classification output, columns to reference data. 
LCZ 1 2 3 6 8 9 10 A B C D E F G Σ UA
1 78 0 2 0 3 0 0 0 0 0 0 0 0 0 83 0.94
2 0 24 1 0 1 0 0 0 0 0 0 0 0 0 26 0.92
3 0 3 140 4 2 0 0 0 0 0 0 2 0 0 151 0.93
6 0 1 10 1470 15 0 0 0 0 1 1 2 0 7 1507 0.98
8 12 15 12 19 1364 0 9 0 0 4 0 21 7 0 1463 0.93
9 0 0 0 1 0 24 0 0 0 0 4 0 0 0 29 0.83
10 0 0 0 1 2 0 77 0 0 0 0 0 0 1 81 0.95
A 0 0 0 0 0 0 0 677 0 0 0 0 0 1 678 1.00
B 0 0 0 0 0 0 0 1 100 0 0 0 0 3 104 0.96
C 0 0 0 0 0 0 0 0 0 209 0 0 0 0 209 1.00
D 0 0 0 17 4 11 0 10 9 0 692 0 0 4 747 0.93
E 0 0 1 0 0 0 0 0 0 0 0 22 0 0 23 0.96
F 0 0 0 0 0 0 0 0 0 0 0 0 11 0 11 1.00
G 0 0 0 0 0 0 0 0 0 0 0 0 0 1042 1042 1.00
Σ 90 43 166 1512 1391 35 86 688 109 214 697 47 18 1058 κ 0.96
PA 0.87 0.56 0.84 0.97 0.98 0.69 0.90 0.98 0.92 0.98 0.99 0.47 0.61 0.98 OA 0.96
4. Conclusions and Outlook 
In this paper, we have presented conceptual considerations regarding a standard protocol to derive 
LCZs from remote sensing data. The overall aim is the design of a universal, simple and objective 
mapping method that allows local experts without GIS and remote sensing experience to conduct and 
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validate LCZ-classifications for their respective cities. Beyond its original purpose to classify UHI 
observation sites, the LCZ scheme was found to provide a generic and largely comprehensive and 
disjoint discretisation of the urban landscape with respect to its canopy layer climate. The scheme is well 
balanced between accuracy and universal applicability. Therefore, we considered it as an optimal starting 
point for the collection of more comprehensive data on the physical and, in particular, climatologic 
characteristics of urban areas. To address regional and cultural idiosyncrasies, subclasses can be used 
but this should be limited to larger areas of uniform specific structures. The use of these additional 
classes should be well documented and collected in order to standardize it for cultural and biophysically 
similar regions. 
Different mapping methods were discussed and a pixel-based supervised classification based on 
multi-temporal Landsat data was found to be the best compromise regarding the given requirements 
(universality, objectivity, computing and monetary cost, and limited training of the operators). A random 
forest classifier was implemented in the open source GIS SAGA software, which provides an easy to 
use graphical user interface for post-processing and classification. Initial case studies have been 
conducted as a proof of concept with promising results. Our findings suggest that spectral information 
from remote sensing data was commonly sufficient for supervised LCZ classification in moderate humid 
climates; classification of cities in other climate regimes is currently being tested. Multi-temporal data 
representing seasonal phenological stages seem to improve the classification accuracy although the 
optimal seasonal distribution of images needs further investigation and may vary by climate. 
Furthermore, the added value of data from other sensors and auxiliary sources such as OpenStreetMap 
will be investigated. However, it has been emphasized that global availability and universality is an 
important requirement in the context of this project. 
Optimal scale should be considered from three different perspectives: the LCZ concept itself, pattern 
recognition restrictions and user demands. Since the layout of the LCZ is not a regular grid, the second 
aspect necessarily demands a resolution that is finer than the granularity of the concept. Therefore, the 
initial classification should be conducted at a resolution coarser than individual buildings and smaller 
than the homogenous structures. The optimal scale might vary between classes and cities, but we 
consider 100 m as a default value. The initial classification should be filtered to derive homogenous 
structures in accordance with the LCZ concept by post-classification filters. This is currently preferred 
over more sophisticated aggregation methods like reclassification kernels [36] or object-based image 
analysis [37] due to the community-based approach. However, the performance of this approach will be 
evaluated against these other methods in the future. From additional tests in different cities, there is some 
evidence that existing urban morphologies (especially in historic towns of medium size) might be more 
heterogeneous than the LCZ scheme can accommodate. Furthermore, an aggregation scheme to derive 
user data at coarser resolutions should be part of the protocol. Therefore, potential use cases should be 
evaluated and considered before a final protocol is established. The final protocol will contribute to a 
larger initiative aiming at the compilation of worldwide information on urban structure, materials and 
metabolism in a framework called WUDAPT [3,11] and eventually lead to a physical census of cities. 
In WUDAPT, data collection will be conducted in different stages, each representing different levels 
of detail. The described methodology is intended to spatially classify cities into the LCZ scheme at a 
level 0 data stage, laying the foundation for further development. Higher level products will contain 
more information about various city and area specific parameters describing aspects of urban form (that 
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is, structure, e.g., building height), cover (e.g., vegetated area fraction), materials (e.g., roof type), and 
function (e.g., building air conditioning and heating). LCZ mapping (level 0) will decompose cities into 
distinct urban landscapes based on a range of physical parameters (Table 1) that generate similar thermal 
signatures at neighborhood-scale [12]. Since the LCZs have associated generic ranges of parameters 
(Table 1), urban climate models can be used to provide a first assessment of the climatic properties of 
the city. The methodology described here is solely intended to provide a universal, simple and objective 
mapping methodology. We expect that additional details can be added at later stages of the WUDAPT 
process to allow supplementary information about building materials, building form and building use to 
further differentiate LCZ related climate impacts. The initial implementation of WUDAPT will be 
conducted with contemporaneous Landsat data inputs. However, in principle, historical as well as future 
Landsat data can be employed to provide historical as well as updated descriptions of LCZs given 
sufficient training data. If historic data are required, intersection with the global human settlement layer 
can also be considered. When fully implemented, WUDAPT will provide a powerful resource for 
performing community-based urban model applications for a variety of weather, climate and air quality 
problems, ultimately superseding initial related efforts such as NUDAPT [38], which provided urban 
canopy parameters for 44 USA cities. 
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